Grenze International Journal of Engineering and Technology, January Issue
Scientific Society

Hybrid Techniques for Object Detection & Tracking: A
Review

Bhawna Narwala!, Anil Gargb? and Shikha Bhardwajc?
IResearch Scholar, Department of Electronics and Communication Engineering, Maharishi Markandeshwar Deemed to be
University, Mullana, Haryana, 133207, India
Email: bhawnanarwal9@gmail.com
2Associate Professor, Department of Electronics and Communication Engineering, Maharishi Markandeshwar Engineering
College, Maharishi Markandeshwar Deemed to be University, Mullana, Haryana, 133207, India
3Assistant Professor, Department of Electronics and Communication Engineering, University Institute of Engineering and
Technology, Kurukshetra University, Kurukshetra, Haryana, 136119, India

Abstract— In this paper, a detailed analysis about a hybrid object detection and tracking
framework that combine traditional image processing methods with modern deep learning
models has been discussed. Techniques such as Kalman filtering, optical flow, and deep
networks like YOLO and Faster R-CNN are combined to improve performance in real-time,
multi-object scenarios. Some key challenges including occlusion, identity preservation, and
environmental variability have been discussed in this paper. Some datasets like Pascal VOC,
ImageNet, Microsoft COCO, etc. and parametric evaluations like precision, accuracy, mAP and
MOTA etc. have been studied.
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1. INTRODUCTION

The increasing apprehension regarding security and safety is inspiring an explosion of research focused on an
auto-mated video analysis for object detection and tracking, resulting in a rapid advancement in hardware
facilities such as camera processing machines and mobile phones. A key area of study in computer vision
research is object identification & tracking, which aims to identify and track objects across sequences of frames
and describes their behaviour [1] [2]. Currently, most everyday environment's, including streets, shopping
centres, educational institutions, stations, and residences, are now under surveillance by a variety of
technologically advanced monitoring systems. Detecting and tracking objects are essential processes in computer
vision that allow machines to understand and analyze visual information from their environment, as illustrated in
Fig. 1 [3].

The procedure of finding and recognizing things of interest within a video or photo frame is commonly referred
to as recognizing an object. It returns bounding boxes surrounding objects along with their class labels such as
"dog", "car", "bus". The importance of object detection is that to make machines understand a scene by
detecting multiple objects and acts as the preliminary stage for more intricate systems, including tracking,
behaviour analysis, or auto-mated decision-making [4]. Object detection techniques can be broadly categorized
into two main groups: conventional and vast learning-based object exposure [5]. Deep learning methods can
further sub-divide into two categories that are two-stage and one-stage detectors.

Grenze ID: 01.GIJET.12.1.198
© Grenze Scientific Society, 2026



Traditional object detection methods include Haar cascades, Deform-able Part-based Models (DPM),
combination of Histogram of Oriented Gradients (HOG) & SVM. R-CNN, Mask R-CNN, Faster R-CNN etc are
examples of two-stage detectors. SSD, YOLO etc are examples of one-stage detectors [6] [7]. The categorization
of object detection techniques is represented in Fig. 2.
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Fig. 1: Differentiate between Object Detection & Object Tracking [3]
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Fig. 2: Categorization of Object Recognition Techniques [7] [8]

Object tracking is a process that involves monitoring one or more detected objects throughout a series of frames
in a video. It enhances detection by preserving the identity of objects over time [9]. The importance of object
tracking is that they are essential for grasping temporal dynamics and to promote contextual and consistency
understanding in video analysis [10] [11]. Object tracking tracks either single object tracking that is to monitor a
single object as it moves through a video or multiple objects tracking that is to tracks numerous objects,
addressing challenges such as re-identification and occlusion [12] [13]. Object tracking can be broadly
categorized into three methods that are point based method, kernel tracking method and silhouette tracking
method as shown Fig. 3.
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Fig. 3: Categorization of Object Tracking Techniques [14]

Fig. 4 illustrates the fundamental workflow of object finding and movement system. This diagram outlines the
core process of object detection and tracking system. It starts with input data in the form of images or videos,
which un-dergo pre-processing to improve clarity and uniformity [16] [17]. The enhanced data is then used for
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object detec-tion, where the system locates and classifies objects within each frame. Once detected, the tracking
component fol-lows these objects across successive frames, maintaining their identities [18]. Lastly, performance
evaluation is con-ducted to measure the system's effectiveness using metrics like precision, recall, and speed.
These tasks are very crucial for real-world domains such as sports analytics, autonomous driving, robotics,
surveillance systems, healthcare, augmented reality, and activity monitoring [19].

Image/Video Dataset
¥
Pre-Processing Obje.ct > Object . Performance
Detection Tracking Evaluation

Fig. 4: Fundamental workflow of an Object Recognition and Tracking System [15]

The structure of the rest of this paper is organized as follows: Section 2 presents the significance and motivation
behind object detection and tracking systems. Some of the object recognition as well as tracking techniques that
were investigated in the earlier work are covered in Section 3. Section 4 introduces some datasets and evaluation
metrics of object exposure and tracking. Finally, Section 5 discusses the conclusion and future trends.

II. MOTIVATION

Recognizing as well as tracking moving objects is a core task in computer vision, serving as the foundation for
vari-ous real-life applications including activity monitoring, autonomous vehicles, and intelligent robotics [20].
But it involves various difficulties that can greatly influence the effectiveness and accuracy of tracking systems
like occlu-sions, motion blur, varying lighting conditions, and the requirement to handle multiple objects at the
same time [21] [22]. A major difficulty is occlusion; when an object is wholly blocked from view by other scene
elements or partial-ly hidden from view, there can be a loss of tracking or misidentification especially in dense or
complex scenes. An-other important challenge is achieving real-time processing because the algorithms need to
process data quickly and efficiently (especially for high-resolution or high-frame-rate inputs) [23] [24] [25]. Data
association continues to be a persistent issue, particularly when there are multiple moving objects involved; it
becomes even more challenging when distinguishing between several similarly appearing objects or maintaining
object identity across frames in crowded or rapidly changing scenes. Lastly, generalization remains problematic
because models trained on particular datasets do not always generalize well in new or varied environments (e.g.,
different lighting conditions, meteorolog-ical conditions, object sizes, background) [26]. Tracking systems need
to be able to adapt to a diverse range of real-world scenarios in order to be beneficial for everyday use [27]. The
intention of this research endeavour is to ex-plore creative solutions, especially hybrid models made up from
various algorithms, to contemporary problems in the rapidly emerging field.

III. LITERATURE SURVEY

N. H. Abdulghafoor et al. [28] (2022) accomplishes this by proposing a strong innovative algorithm to identify
and follow objects from real-time camera-captured natural scenes. In this work an algorithm for tracking and
detection that is sensitive to real and fundamental changes will be developed. The detection of numerous moving
creatures, scarce resources and various difficulties are characteristics of this algorithm. This algorithm leverages
the benefits of both principal component analysis (PCA) and vast learning networks to create an intelligent real-
time tracking and recognition system. In order to improve performance over the recent detection and tracking
algorithms it is done adaptively between the two approaches. Comparing the innovative algorithm to other
tracking and recognition sys-tems and accomplishing high detection and classification accurateness
demonstrated its efficacy and efficiency.

An enhanced system for identifying and monitoring aerial vehicles in inclement weather including snow fog and
sandstorms is presented in A. S. Talaat et al. [29] (2023). The Retinex algorithm is used to improve images, the
Yolov5 vast learning model is used to detect vehicles and Optical Flow, Kalman Filter & Euclidean Distance are
used to track vehicles in order to increase overall accuracy. Corrected Optical Flow achieved the lowest tracking
error (less than 5 pixels) and the results show evaluations of Precision and Recall along with a mean Average
Precision (mAP) of 92.2%.
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M. H. Ashraf et al. [30] (2023) proposes a vision-based VVM (Vehicle Velocity Monitoring) system that encom-
passes tracking, velocity calculation and vehicle identification. The VVM system operates on a three-layer
architec-ture and makes use of a solo RSU camera. The present CNN-based (Convolutional Neural Network)
Fusion Vehicle Recognition Network is developed in the first layer to detect vehicles utilizing multiple stages
and multi-scale fea-tures to handle changes in vehicle size and improve detection correctness. The hybrid vehicle
recognition network and SORT (Simple Online Real Tracker) are used to monitor vehicles in the second layer.
This tracking system makes use of the Hungarian algorithm for multi-vehicle composition and the Kalman filter
algorithm to estimate the location of the vehicle. A technique for determining vehicle velocity on the moving
axis is introduced in the third layer to address rapidity overestimation. Three datasets—PASCAL VOC for
vehicle finding, UA-DETRAC for track-ing correctness and Urban Roadways for rapidity estimation—are used
to assess the suggested methodology. The system attains 87.242% correctness in rapidity estimation, 88.72%
mAP, & 84.35% MOTA.

Y. P. Huang et al. [31] (2023) demonstrated a novel fusion deep neural network framework that handles missing
locations for pose estimation by combining BlazePose with an interpolation technique. Furthermore, it utilizes a
net-work of long-short-term memory (LSTM), among for human motion recognition, a refined YOLOv4
algorithm for object exposure, or a Landmark Data Processing technique for the extraction of features. Correctly
determining hu-man activity while ensuring optimal object utilization and movements is the overall objective of
this integrated sys-tem. The model suggested obtained a processing speed of 10.47 frames per second, an action
identification accuracy of 95.91% and mean average precision (mAP) of 97.68%.

H. M. Chuang et al. [32] (2024) present a multi-camera perception (MCP) and high-frequency perception (HFP)
sys-tem for object recognition, which uses fusion algorithm to boost both exactness and speed, where the results
show that MCP gives high exactness while HFP provides quick update rates.

The ATA-IFRCNN model was presented by K. Vijiyakumar et al. [33] (2024). It combines the Inception v2
model for feature extraction the DCF-CSRT algorithm for image annotation the Faster R-CNN for object
detection and a softmax layer for image analysis. Three distinct data sets—Bird (Dataset 1), UCSDped2 (Dataset
2), & Under Water (Dataset 3)—were used to test the model’s performance in terms of prediction accuracy,
labeling time, center point proximity to the correct location and overlap between detected and actual objects.
According to the results the AIA-IFRCNN model outperformed the other models in terms of both object
detection accuracy and tracking velocity. Specifically, it outperformed other models with the highest accuracy of
95.62 percent on the Bird dataset. Addition-ally, it had the lowest average center location blunder with the Bird,
UCSDped2 and Under Water datasets having respective averages of 4.16, 5.78, and 3.54. On those similar
datasets it also had high overlay rates of 0.92, 0.90, & 0.94.

With emphasis on digital pathology analysis of images, M. Salvi et al. [34] (2020) reviewed several methods
used in deep learning frameworks for improving input data via the preliminary processing and streamlining
network out-comes through post-processing. Despite the review's focus on computerized pathology, lots of the
methods of post- processing covered are also broadly relevant for various other areas of visual analysis.

L. Liu et al. [35] (2023) suggested employing features taken from a deep convolutional neural network (DCNN)
to track targets in dynamic scenes. They created a window-that-moves segmentation technique to assess how
standardi-zation of data and dataset augmentation affected tracking performance. To investigate how data
augmentation and normalization affect tracking performance, they developed an adaptive window segmentation
approach. In order to boost feature selection, DCNN characteristics were subjected to Principal Component
Analysis (PCA), and character-istics gathered from different network levels were compared. The research also
investigated feature encoding tech-niques comparing locality-constrained linear coding to the Fisher Vector
algorithm for encoding DCNN features. DCNN-based features outperform conventional feature fusion methods
in terms of accuracy according to investiga-tional results. Additionally, the analysis demonstrates that the DCNN
tracking algorithm remains more precise in a variety of illumination scenarios and performs well when partial
obstruction is present.

J. Ding et al. [36] (2023) addressed frequent issues in dynamic environments by introducing a reliable
characteristic threshold-based strategy to determining and segmenting moving objects, improved by better
optical flow estimation. Unlike conventional optical flow and Otsu-based separation for fixed cameras, this
technique employs a background feature separation with threshold strategy that integrates the LK (Lucas—
Kanade) & HS (Horn—Schunck) optical flow techniques. An image pyramid paired with HS and LK techniques
yields a high-precision, interference-resistant opti-cal flow approximation model. To handle motion occlusion,
Delaunay triangulation is applied. The proposed seg-mentation method is then used on the optical flow field,
leveraging Harris features and an image background affine transformation model to accurately extract moving
objects. The last front region of the moving target is generated using morphological processing of images.
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Experimental results confirm that the system achieves high-accuracy recognition and segmentation of moving
objects, regardless of whether the camera is stationary or in motion. Table 1& 2 shows comparison of different
object detection and tracking techniques. Fig. 5 represents architecture of dif-ferent object recognition models.

TABLE I: EVALUATION OF VARIOUS METHODS FOR RECOGNIZING OBJECTS

Study/ Author & | Techniques Features
Year Type Speed Accuracy Strengths ‘Weaknesses Best Use Case
K. Fu et al. [14] | SSD One- Fast Low Balanced speed | Lower Mobile/embedde
(2020) stage and accuracy accuracy  on | d, quick results
small objects
A. S. Talaat et al. | RetinaNet One- Moder | High Strong on | Slower than | Retail analytics,
[29] (2023) stage ately rare/small YOLO/SSD counting, rare
fast classes items/object
detection
M. H. Ashraf et al. | RT-DETR Transf | Fast State of the | Real-time object | Longer Flexible real-
[30] (2023) ormer art detection; training times | time vision tasks
competitive compared  to
inference speeds | some YOLO
models
K. Vijiyakumar et al. | Faster Two- Slow Very high Accurate Resource- Medical/research
[33](2024) stage localization and | intensive, slow | , small objects
R-CNN detection, Rob}lst inference
for challenging
settings
L. Liu et al. [35] | Mask R- | Two- Slow High Object slow for real- | Medical
(2023) CNN stage detection + time tasks, | Imaging,
instance computationall | Surveillance
segmentation y expensive
V. K. Deshpande et | YOLO One- Fast High Real-time Sometimes Live video,
al. [37] (2023) stage detection misses small | drones,
objects autonomous
vehicles, mobile
-
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Fig. 5: Architecture of different Object Recognition Models
TABLE II: COMPARING MULTIPLE TECHNIQUES FOR TRACKING OBJECTS
Study/Author Techniques Features
& Year Type Speed Strengths Weaknesses Speed (FPS)
K. Fu et al. | SORT Motion- Simple, fast, Kalman | Very fast, | High ID switches, | 260
[14] (2020) based filer =~ +  Hungarian | simple no appearance
algorithm implementation | info
A. S. Talaat et | DeepSORT Motion + | SORT + CNN | Better ID | Slower than | 40-60
al. [29] (2023) Appearance | appearance features consistency SORT, complex
than SORT setup
M. H. Ashraf | Byte Track Detection- Associates low- | Handles Requires good | 171
et al. [30] based confidence detections occlusions well, | detector
(2023) fast
K. Strong SORT | Enhanced YOLOX  detector + | State-of-the-art Higher 30-50
Vijiyakumar et DeepSORT | OSNet RelD + EMA- | accuracy computational
al. [33] (2024) Kalman cost
L. Liu et al. | YOLO YOLO + | YOLO detection + | Real-time Depends on | 30-60
[35] (2023) Tracking Tracker ByteTrack/BoT-SORT performance, YOLO
easy to use performance

IV. OBJECT DETECTION AND TRACKING DATASETS AND EVALUATION METRICS

Object recognition and tracking rely on comprehensive datasets that comprise detailed annotations. Object
detection datasets include images annotated with bounding boxes, and occasionally include key points &
segmentation masks [38] [39]. In contrast, object tracking datasets comprise video sequences where objects are

annotated frame by frame with masks or bounding boxes.

A few popular datasets for these tasks include OpenlmagesV7, ImageNet, BDD100K, KITTI, COCO (Common
Objects in Context), PASCAL VOC (2007 & 2012) (Pattern Analysis, Statistics Modelling, and Computation
Learning Vision Object Classes), and Multiple Object Tracking (MOT) Challenge [39]. Depending on the
specific application and research goals, the dataset's choice is determined. Table 3 demonstrate comparison of

existing used datasets.
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TABLE I1I: COMPARISON OF EXISTING USED DATASETS

Study/Author Dataset Name Size Classes/Categories Annotation type Key Feature & Use
cases

A. Aslam et al. & W. | ImageNet ~14 million imag- | Bounding boxes, la- | 20,000 (detection: | Large-scale,

Lu et al. [40] [41] es bels 200) hierarchical classes,
foundational for pre-
training

A. Pandey et al. [42] Pascal VOC ~20,000 images | Bounding boxes, la- | 20 Standard for bench-

(VOC2007+2012) | bels marking, simple,
acces-sible

T. Sharma et al. [43] MS CO-CO >330,000 images Bounding boxes, | 80 Dense  annotations,

masks, key points context-rich,
segmenta-tion &
captioning

M. Akteri et al. [44] Open Images ~9 million images | Bounding boxes, | 601 Massive scale,

masks, visual relation-ships, many
relation-ships real-world scenarios

Various key performance metrics commonly used in computer vision, especially for tasks like object detection
and multiple object tracking (MOT) such as accuracy, recall, precision, maP (mean Average Precision), and
several more [45]. Some of the prominent performance metric techniques are explained below:

Accuracy: The proportion of cases that were accurately predicted to all instances. It is used in Classification
tasks [46].

True Positive+True Negative

Accuracy =

)

Precision: How many of the predicted positives are actually correct. It is used in Classification and detection
[47].

True Positive+True Negative+False Positive+Fals Negative

.. True Positive
Precision = — — 2)
True Positive+Fal Positive

Recall: How many actual positives are correctly identified? It is used in Classification and detection [47].

Recall = True Positive (3)

True Positive+ False Negative

True Positives (TP) = Objects of a particular class that were correctly identified

True Negative (TN) = The quantity of cases that are truly negative and that the model accurately predicts
False Positives (FP) = Items that are mistakenly classified as belonging to a particular class

False Negatives (FN) = Real objects that the model missed

mean Average Precision (mAP): The mean of Average Precision (AP) across all classes. Precision and recall are
taken into account by mAP for all classes and IoU criteria [48]. It is used in Object detection. There are two
conditions that are

» mAP@ IoU = 0.5 means if IoU is greater than 0.5 then the identification is correct.

» The COCO standard averages mAP across several IoU brinks (0.5 to 0.95 in steps of 0.05) at mAP (mean
Average Precision) @, [0.5:0.95].

YVVYVY

mean Average Precision (mAP) = %Zﬁ'{APk (4)

Where, n is the quantity of classes & AP is equivalent to the class k average precision.

Intersection over Union (IoU): A crucial statistic in object detection is intersection over union (IoU), which
quantifies the overlap between two bounding boxes that are the ground reality bounding box and the predicted
bounding box [48].

. . Area of Intersection
Intersection over Union (IoU) = Area of Intersection

)

Area of Union

» Intersection area: The area where the ground reality and estimate bounding boxes overlap.

» Union region: The combined region that is encompassed by the ground reality and estimated bounding
boxes.

For calculating the union, this formula is used

» Union=Area of Estimated Box+Area of Ground Truth Box—Intersection Area
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MOTA (Multiple Object Tracking Accuracy): Accounts for all tracking errors: FN, (false negatives), FP; (false
positives), and IDS W, (identity switches). It is used in multi-object tracking [49].

S(FNg+FPy+IDS Wy)

Multiple Object Tracking Accuracy (MOTA) =1 — T,
t

(6)

FN, = False Negatives

FP,= False Positives

IDS W, = Identity Switches

GT; = Ground Truth objects

e [fitranges from — oo to 1, then higher is better.

MOTP (Multiple Object Tracking Precision): Measures the precision of the estimated object locations by
averaging the bounding box overlap (IoU) among ground-truth and predicted boxes. It is used in multi-object
tracking [50] [51].

YVVYVY

Sitdie
Ytce

Where, d;; = Distance between the object and its match (usually 1 - IoU)

¢ = Number of matches at time t

» Ifitis closer to 1 means more precise localization then higher is better.

Multiple Object Tracking Precision (MOTP) = (7)

V. CONCLUSION

In this paper, a comprehensive hybrid technique for object recognition and tracking has been studied, combining
the strengths of traditional computer vision methods with the advancements of deep learning architectures.
Through the integration of methods such as YOLO, Faster R-CNN, & Deep SORT, along with classic techniques
like optical flow and Kalman filtering, the framework effectively addresses critical challenges including
occlusion, identity switching, and environmental variability. The system works well on different sets of data and
ways of testing, especially when it comes to how accurately it finds things (mAP) and how reliably it follows
them over time (MOTA, MOTP).

Furthermore, the literature survey highlights the growing trend towards multi-modal and adaptive solutions that
balance real-time performance with robust generalization. These methods align with this trajectory, offering a
scalable and efficient solution suitable for everyday applications such as autonomous navigation, surveillance, &
smart city systems. Future studies research is going to concentrate on improving computational efficiency for use
on resource-constrained devices, as well as on enhancing domain adaptation and self-learning processes to
increase resilience to unexpected situations.
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